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Article: 
Over the last decade the deployment and use of learning analytics has become routine in many 
universities worldwide, especially in the United States, Europe, and east and south Asia. Its 
deployment in higher education institutions has been enabled by technological developments 
originally designed to exploit the growth in the collection of multiple data sources, usually aiming to 
deliver customer and/or employee insight, and competitive advantage (Beer 2017, 21). The 
formation of learning analytics can be located in the disciplines of mathematics, education and 
computer science, and with the emergence of educational data mining, predictive modelling, 
machine learning, and social network analysis. Its potential to contribute new insight and 
performance data is significant, and it is likely to exert considerable impact on the student learning 
experience, and university practices, for years to come. 
Learning analytics can be defined as the collection and analysis of the demographic, behavioural and 
digital trace data of students to improve their experiences and outcomes by enabling targeted real 
time interventions with particular cohorts and individuals based on their profile derived through 
machine learning and algorithmic processing. The theory of learning analytics in higher education is 
that the collection and analysis of student data can enable higher education institutions to optimise 
personalised learning environments, resulting in an enhanced total student experience and 
improved student outcomes. As a consequence of its implementation in higher education, more 
responsive, evidence based, data driven and transparent decision-making (institutions and students) 
are deemed possible. 
As the deployment and use of learning analytics has grown, its scope, breadth, depth and complexity 
has evolved. It is no longer a sideline activity in a higher education sector which is notoriously poor 
at capitalising on data opportunities; it is now taking centre stage in many higher education 
institutions. Learning analytics has evolved from a focus on learning and the student experience to 
one that now includes research, knowledge exchange and praxis (Lang et al. 2017). As a field of 
inquiry it includes an emphasis on a wide range of outcome measures, including student retention, 
progression, attainment, performance, ‘mastery’, employability and engagement (Francis and Foster 
2018). 
As the first two decades of the twenty first century draw to a close, higher education remains on the 
cusp of significant upheaval and transformation. Competition, technology, globalisation and 
demographics continue to shape the sector, as does heightened concern for the mental health and 
wellbeing of students, academic and professional services staff. At the same time, there is growing 
acknowledgement of, and attention devoted to, the recognition that higher education does not 
benefit everyone equally. Indeed learning analytics has contributed to identifying that the extent to 
which students are retained, make progress, attain and achieve graduate employment can be very 
different when student data is examined according to demographics such as income and race for 
instance (Richardson 2012; Tempelaar et al. 2015). 
Given its transformative potential, there is no better time than the present day to explore the 
nature, deployment and effectiveness of learning analytics in higher education. This is particularly 
the case when, within the space of a decade, learning analytics has gone from being a specialist and 
bespoke activity of a few academics working to support student learning in specific disciplines, to 
one that is being adopted across the sector, with the intention of improving multiple student 
outcomes, from retention and progression, through to attainment, progression and engagement. 
Hence the focus of this special edition. 
We have drawn together perspectives from across the globe on the role of learning analytics in 
achieving equity of attainment. As universities move towards a more automated system of 
identifying and prioritising students who need support, we wonder will this lead to a more inclusive 
and equitable learning environment? Will centralised, data-driven support systems be able to shed 
light on systemic issues within the institution that result in advantaging some students over others? 
As we began to curate the authors we wanted to include in this special edition, whose research was 
starting to address such questions, four key themes emerged. These are: 
• efficacy and effectiveness of learning analytics 
• data driven decision-making 
• analytics and the pedagogy of learning 
• power, culture and control 
Throughout the discussion that follows, these four themes offer a critical framework within which 
learning analytics and its impact are assessed drawing upon a range of contemporary research and 
inquiry. 
Efficacy and effectiveness of learning analytics 
Despite its continuing evolution and expansion, research on the efficacy and the effectiveness of 
learning analytics in higher education generally remains equivocal. There are systematic reviews that 
report positive results (Bienkowski et al. 2012; Ferguson 2012; Romero and Ventura 2013; 
Papamitsiou and Economides 2014; Ahern 2018; Vieira et al. 2018; Robertshaw and Asher 2019). 
There are also systematic reviews that are more circumspect (Sonderlund et al. 2018). What is 
unclear, from the research to date, is evidence on learning analytics’ ability to help address 
differential student outcomes for disadvantaged students. 
The first theme concerns the efficacy and effectiveness of learning analytics. The first three articles 
by Foster and Francis, Foster and Siddle, and Nguyen et al., each report on the findings of empirical 
research to assess the efficacy and effectiveness of learning analytics in higher education. Foster and 
Francis report that learning analytics and academic analytics are primarily designed for the 
improvement of academic performance (although some do focus on retention); whilst learner 
analytics is more aligned to improving student engagement. Foster and Francis report that few 
published outputs deliver robust, empirically-based research findings; but of those that do, three-
quarters provide (mostly quantitative) evidence that the use of educational data analytics is effective 
in improving student outcomes. The article posits that the efficacy of learning analytics and its 
relationship with student outcomes requires further and more robust investigation and assessment. 
For Foster and Francis learning analytics research must interpret and communicate effectiveness 
qualitatively by including the student voice in assessments of impact. They report that few studies 
actually test the hypothesis that an analytically informed personalised learning environment is 
causally related to improved student outcomes. They make the point that the research designs are 
limited to quantifying impact as opposed to qualifying it. Finally, they highlight that few studies 
report on the efficacy of applying analytics methods to address differential student outcomes for 
disadvantaged students. 
This point is particularly interesting given that structural disadvantage does impact on student 
outcomes, particularly for disadvantaged students such as those defined as ‘widening participation’ 
students (Evans et al. 2018). There is evidence in UK higher education institutions to support the 
argument that the relationship between student agency—the inputs individuals bring to their 
learning—and the outputs of that learning—student achievement as measured by the grades they 
acquire, are shaped more than just by a student’s intellect and behaviour (Richardson 2018). BAME 
(Black, Asian and Minority Ethnic) students, older students and male students, for example, are less 
likely to access higher education, progress and graduate with the best grades. There is increasing 
evidence linking student outcomes to financial circumstances (Crawford 2014), demographic factors 
(Soria and Stebleton 2012) as well as a sense of community and engagement (Morrow and 
Ackerman 2012). 
These socio-economic factors are compounded by the impact of academic performance on retention 
(Yorke 2001). White students compared to Black and Asian students are more likely to achieve 
higher degree outcomes (Thiele et al. 2016). Young people from lower socio-economic backgrounds, 
compared to those from higher socio-economic backgrounds, on average, are more likely to 
withdraw from their studies, less likely to either complete their degree or graduate from university 
with an upper second or first class degree (Crawford 2014). Students entering university with ABB 
grades or above at A-level are also increasingly likely to graduate with an upper second or first class 
degree (Smith and White 2015). Moreover the intersectionalities between social categories of class, 
race, age, gender, sexuality and other personal characteristics can further exacerbate the differential 
outcomes for particular groups and individuals. 
Universities have invested significantly in initiatives aimed at closing the ‘attainment gap’ and 
achieving equity of achievement by making changes, notably to curricula and to personal tutoring. 
Yet crucial to the potential success of such interventions is the identification of students most ‘at-
risk’ in order to target intervention resource effectively. Improving individual student performance 
and student outcomes can be achieved by delivering more personalised learning opportunities, in 
which student data is analysed to target interventions at specific students, whether through, for 
example, gamified content delivery in classroom (Minović et al. 2015), blended and online 
environments (Sharma et al. 2016; Chen et al. 2017), innovations in assessment and feedback (Khan 
and Pardo 2016), or the visualisation of student performance (Wise et al. 2013). From these 
perspectives, learning analytics is benign; data collection and its use is for the student; delivering 
specificity of intervention, greater personalisation of experience, and opportunities to address the 
attainment gap and differential experiences. 
It is within this broad context that the research by Foster and Siddle is particularly apposite. They 
explore the effectiveness of learning analytics in identifying ‘at risk’ students using an assessment of 
their engagement measured for 14 consecutive days. Drawing upon the evidence generated from 
one of the first learning analytics projects in the UK—in which Nottingham Trent University 
generates ‘no-engagement’ ‘early warning’ alerts, Foster and Siddle examined two cohorts of first 
year undergraduate students and found that the generation of these alerts are more effective at 
identifying students at risk of poorer outcomes than alerts derived from demographic data, using 
widening participation status as a case study example. Their research shows that, as the number of 
alerts regarding non engagement increases, the progression and achievement of the students 
decreases. They found the system was able to allow for the targeting of support at disadvantaged 
student groups based on their widening participation status, contributing to an ambition to reduce 
differential student outcomes for disadvantaged groups. 
Technological innovation alone cannot deliver change to the achievement and performance of 
students. Nor can it explain the reasons for students’ non-engagement for any particular period of 
time. Yet, what Foster and Siddle’s article demonstrates is that the harnessing of data and its 
analysis can help the creation of a more inclusive and equitable learning environment by identifying 
the students who would benefit most from an intervention. What is interesting in Foster and Siddles’ 
work is their argument not to use demographic data, because such data can, for them, potentially 
lead to individual students being treated unfairly. 
With a similar focus on differential student attainment and learning analytics, Nguyen et al. utilise 
data drawn from student academic performance, demographic data and online ‘digital’ traces to 
investigate the usefulness of learning analytics to provide insight into the attainment gap between 
BAME and white students on distance learning programmes. Underpinned by a review of the 
research literature on the attainment gap, Nguyen et al. assess the range of factors put forward to 
explain the differences in a study carried out in the UK’s largest university, the Open University. The 
data proxied for behavioural engagement in this study is the students’ traces in a virtual learning 
environment (VLE) in 401 modules. Whilst other studies have focused on student attainment at 
programme level, this study drills down to module attainment, in order to examine the specificity of 
factors that might impact on student performance. 
Nguyen et al.’s research highlights that learning analytics is able to identify that, even when taking 
into account prior qualification and engagement, BAME students are less likely to complete, pass or 
achieve an excellent outcome (measured by the achievement of a 2:1 or first degree in the UK 
awarding system) than their white counterparts. Moreover, they find that BAME students spent 
between 4% and 12% more time studying, suggesting that they put more effort in than white 
students to achieve the same level of outcome. Despite being the most disadvantaged, Black 
students had the highest level of engagement than any other ethnic group. Nguyen et al. also report 
that when controlling for academic outcome, White students spent the least time on the VLE 
compared to other ethnicities. The reasons for this engagement could be many and varied. It could 
reflect effort; it could reflect students’ difficulty in understanding the material; or it could reflect the 
nature of the material and the way it is interpreted by students of different backgrounds. 
Data driven decision-making 
A second theme of this special edition concerns whether learning analytics can encourage improved 
individual agency (students, and academic and professional support staff) and better data driven 
decision-making. Visualising complex multi-layered data to students in accessible ways that allows 
them to understand their performance against other students and other variables, such as 
engagement (VLE usage, attendance), can, it is argued (Jayaprakash et al. 2014; Mejia et al. 2017), 
improve variously their awareness, reflexivity, participation, involvement and motivation, and thus 
their ability to deliver actionable attitudinal and behavioural changes. Charleer et al. (2013), for 
example, report that students presented with their formative feedback visually are more aware of 
what is required to succeed in the task. Empowering students to self-regulate through greater 
understanding of their data is core to the aim of learning analytics. 
The articles by Broos et al. and Khatri et al. examine the opportunities that learning analytics offers 
to enhance student agency, whether by improving student decision-making or by developing their 
understanding of feedback and engagement. Broos et al. explore the impact that learning analytics 
can have on student decision-making via an assessment of two self-service dashboards. The context 
is the transition of students into higher education and the opportunities that learning analytics offers 
for supporting student transition to university. Transition is a recognised challenge for many 
students; moving from the relative comfort of one learning environment (secondary or further 
education) to another (higher education). With different approaches and expectations relating to 
pedagogy, engagement, independence and feedback, it is not easy for many students to transition to 
and navigate university culture, systems and processes. However, the nature and extent of the 
challenge differs amongst students and can be related to their individual background circumstances, 
demographics, qualifications and prior knowledge of higher education (such as whether they are 
first generation students). The nature and quality of early student engagement can thus be an 
important element in transitioning, and once at university, feedback can help support the process. 
For Broos et al. student facing dashboards can represent data about the learning process visually to 
students, whilst also enabling more actionable decision-making. They report using a case study 
methodology in nine participating STEM (science, technology, engineering and mathematics) study 
programmes, and present evidence from a) the tracking of student usage in two dashboards, and b) 
a before and after survey of students in their second year. The dashboards allow for the provision of 
feedback on learning and study skills, and on academic achievement, to first year undergraduate 
students in several STEM study programmes in Belgium. Carried out in the Catholic University of 
Leuven, the study reports that learning analytics enhances the decision-making of students through 
the visualisation of their data—in effect helping support the development of feedback literacy 
amongst the student cohort. 
The enablement of better decision-making amongst students is also the focus of the article by Khatri 
et al. The authors report on work exploring the impact learning analytics combined with serious 
gaming can have on student motivations for career planning. The purpose of the game is to engage 
the student; the learning analytics is used as a means to analyse activities and subject preferences in 
order to support personalised career counselling. The study was carried out with first year MBA 
students, with the intention of analysing the impact of the tool on the learning effectiveness of the 
students. The study identifies that learning analytics is a significant intervention in enhancing the 
learning effectiveness of students. 
It has been reported that allowing academic staff to view complex student data visually can also 
deliver more effective tailored interventions better aligned to the needs of the student (Liu et al. 
2016). Shimada et al. (2017), for example, in a study of the use of student data—visualised real time 
to academic staff whilst teaching—reported that it enabled the tutors to adjust their delivery speed 
and style according to the cohort in front of them, aligning delivery to the ambition of improving 
student outcomes. 
Gray et al. pick up this theme and explore the potential of learning analytics to enable consistency in 
marking and moderation of assessment. The article examines the use of learning analytics to give 
feedback direct to academic staff in order to inform their performance. The authors introduce the 
concept of Learning Pictures coupled with contemporary visualisation techniques, enabled through 
learning analytics, with the aim of providing a symbolic overview of student’s achievement in 16 
representations. Gray et al. argue that visualising student achievement in this way provides ‘a wide-
angle view of a students’ entire university career that can extract a set of common patterns and 
generate appropriate objective responses from examiners when making adjustment decisions to 
final classifications conferred. Drawing upon the authors’ reflections on the development of the tool, 
and an evaluation of the tool by educationalists involved in its piloting, the authors suggest that 
Degree Pictures can address the subjective nature of assessment. This is because the tool is able to 
develop greater emphasis on data driven decision-making and also impact positively on the way in 
which interventions can be developed and delivered. 
Research strategies, learning analytics and the pedagogy of learning 
A third theme of this special edition concerns the relationship between student data, its analysis for 
interventions, and the pedagogy of learning and teaching. A decade or so ago, learning analytics 
appeared mostly as a technological solution, reacting and responding to the emergence and 
availability of big data, rather than to the specific needs of learners and educationalists, or indeed of 
the institutions within which they studied and worked. Context was lacking, as was the voice and 
participation of students and staff. Particularly lacking in the formative years was empirical, 
conceptual and theoretical insight into the ways in which learning analytics was able to improve 
student outcomes. A detailed theory of change that describes comprehensively the link between 
inputs (data, analysis), outputs (interventions) and appropriate outcomes (improved student 
performance) is still lacking within much that has been written on learning analytics. 
Sadly, today the student voice is not as front and central, nor as involved in the development and 
carrying out of research into learning analytics, as it should be. This is surprising given that a large 
proportion of studies (see Papamitsiou and Economides 2014; Sonderlund et al. 2018) report 
learning analytics as an effective enabler of targeted interventions to students. What is often lacking 
is evidence regarding why the interventions work; the student perspective of what it was about the 
intervention or nudge that impacted positively upon them and their outcomes. Central to much of 
these criticisms lies a predominance of quantitative research methodologies, aimed principally at 
reporting significance of correlations rather than the explanatory reasons behind them. Certainly 
mixed methodologies are noticeable by their absence in much of the research literature. It should 
also be noted that learning analytics remains a field of inquiry influenced by the technological 
companies involved in its implementation, and there remains too much advertorial reporting of 
efficacy and effectiveness that in our view often lack robust peer review and external assessment. 
The weakness of learning analytics research is a point forcefully picked up by Tormey et al. in their 
contribution, which focuses on self-regulated student learning in the context of distance learning. It 
is their contention that weaknesses—both empirical and conceptual—in learning analytics research 
means that there is limited understanding of how interventions work, and importantly why. Tormey 
et al. note the lack of research on whether learning analytics is impactful both on student learning, 
and on the practice of learners and teachers. They note the lack of pedagogical sophistication, and 
the limited theoretical frame of reference that underpins the design of much learning analytics 
projects. For Tormey et al., the issue is that whilst learning analytics is presented as enabling student 
self-regulated learning, much of it is developed without clear pedagogical reference points, and 
without an understanding of the context within which it is used. As they state, it often appears like 
so many other computer aided learning tools which ‘are often little more than a solution in search of 
a problem’. Many such tools are, they suggest, merely data driven, ‘often developed by those with 
an interest in algorithms, data analytics and data visualisation, but who hold naïve views of how 
learning and teaching happens.’ 
For learning analytics to be effective, Tormey et al. argue, it needs to be informed by the concepts 
and ideas which emerge from learning (pedagogical) research. The article identifies the need for 
greater theorisation about the design of self-regulated learner analytics tools. The authors outline a 
series of design issues to be considered when developing self-regulated and learner approaches to 
analytics; and they report on their development of one such tool, the Learning Companion, designed 
to improve students’ skills in problem solving in scientific and mathematical exercises. 
In a similar vein, Tempelaar reports on the development of a theory of change in relation to the use 
of assessment for learning and feedback in a blended learning environment. He begins by noting 
how formative feedback using student trace learning activity data (in this case the number of 
problems the student has attempted to solve, how many scaffolds the student has used, and the 
time taken on each task). He describes these as ‘the digital footprints in the learning process’, and 
argues these can help support interventions both instructor led and student initiated. 
Tempelaar also notes that demographics, prior schooling, learning dispositions, internationalisation 
and differing educational backgrounds can all lead to differential opportunities for students to 
succeed. It is within this context that he draws upon sophisticated data collection and analysis 
(dispositional learning analytics) as part of a research study carried out on a large and diverse group 
of students undertaking their first university module. He details the use of trace and disposition 
data—student trace data and self-response survey data—to understand how students find their own 
learning paths in technology enhanced learning environments, and what learning approaches can be 
seen as antecedents of such choices. He argues that digital learning platforms based on the mastery 
learning concept, that integrate assessment as, for and of learning and teaching, can play a key role 
in solving the issue of unequal chances. He shows how by researching a challenging quantitative 
methods course for first year students, and by contrasting the learning approaches of two groups of 
students. The findings suggest that the intensity of use of interventions varies between student 
clusters, and thus the time and effort required differs, although the study does not report module 
performance differences. 
Power, culture and control 
As a number of the articles in this special edition confirm, learning analytics has the potential to 
improve student agency and enable greater personalisation and transparency supporting whole 
university or institutional approaches to student success. It can also enable institutional responses to 
student under-performance, creating environments that locate the learner centre stage, and which 
offer innovative ways of intervening in order to improve student attainment. This should not be a 
surprise. First, learning analytics is both emerging and evolving, and the last ten years have 
witnessed the development of many new and dynamic approaches to supporting students as a 
consequence of its implementation. Second, learning analytics is acknowledged as enabling the 
personalisation of services, allowing learners to receive an experience based on their own 
preferences, needs and profiles. Third, learning analytics often involves technology start-up 
companies that spend considerable time, effort and resource on testing their products within the 
sector, alongside evaluating and promoting the potential benefits deriving from them. Fourth, 
institutions are constantly on the lookout for new solutions, and learning analytics is clearly one such 
opportunity to strengthen student support and engagement. 
Nevertheless, tensions do co-exist between such opportunities, and the risks that the deployment 
and use of learning analytics can pose—risks to the individual student, as well as broader risks 
regarding privacy and ethics that can impact negatively on institutions. Often such risks are couched 
within wider debates concerning surveillance, regulation and control. Indeed, some comentators 
have begun to extol the potential problems associated with the deployment and use of learning 
analytics (such as privacy, ethics and consent), or regarding the use of big data to widen the net and 
thin the mesh of student regulation and control. The most vociferous commentaries about learning 
analytics have arisen in the context of debates about the ‘platform society’—one in which our use of 
platforms (such as Facebook, Twitter, and digital learning environments) is routine—the implications 
of which, for some, is not always as benign as expected. Platforms enable individuals to interact for 
the purpose of coordination, collaboration and exchange. However, they also allow for the 
extraction and control of data providing proprietary access to record traces of activity and use data 
to generate new forms of value. Probing questions arise such as in whose interests does learning 
analytics operate, why, how and with what impact? After all, learning analytics is able to capture 
data available as a result of the use of platforms, with engagement, behavioural and demographic 
data all available to be collected, collated and analysed. For us, what is required is a critical 
assessment of learning analytics in the context of the platform university (see Robinson 2018). 
The final theme running throughout a number of the articles in this special edition is that of power, 
culture and control. The three articles by Tsai et al., Broughan and Prinsloo, and Archer and Prinsloo 
bring to the fore debates about the challenges that learning analytics poses, especially in the context 
of empowering students to be the best they can be. 
Although not necessary polarised, significant tensions do exist, as Tsai et al. articulate. Rather than 
enabling student agency in a highly regulated environment, Tsai et al. explore the impact that the 
collection and use of trace data can have on ‘datafying’ students within a context and culture of 
asymmetrical power relations between staff, students and institutions; as well as complex 
institutional arrangements involving humans and machines. Drawing upon primary research findings 
collected through the delivery of focus groups with staff and students, their analysis offers insight 
into the very real tensions that exist between student empowerment through learning analytics, and 
the diminishment of student autonomy through their datafication. Highlighting individual and 
institutional power, culture and control as key to these tensions, they argue that it is important that 
empowerment is not assumed to have arisen merely from the implementation of learning analytics. 
Rather, they argue that power, and the nature of the relationship between machines, people and 
their data must be accounted for to secure equity and the agency of the learner. Moreover, they 
highlight the need for engagement as part of learning analytics development and interventions, 
between students, staff and institutions, 
In a similar vein, Broughan and Prinsloo highlight the need for critical reflection on the development 
and implementation of forms of learning analytics that are becoming ever more commonplace 
within higher education institutions. Not only is there more data than ever before, but much of it is 
behavioural and demographic, and whilst offering huge potential, it also presents huge challenges to 
individual institutions and the sector more generally. They make the case that ‘While the notion of 
“student-centred” is well established in the discourses and practices surrounding assessment and 
evaluation, the concept of student-centred learning analytics is yet to be fully realised by the sector’. 
Drawing upon the teachings of Freire as a framework to understand and address the inherent 
disadvantages that current systems and approaches place on certain groups of students, Broughan 
and Prinsloo argue that higher education institutions would benefit from a Freirean approach to 
learning analytics that is sympathetic to individualised learner pathways, capable of responding 
ethically and equitably to help all students succeed, and empowering to all involved. 
The potential for learning analytics to impact negatively is a key theme running throughout this 
special edition. This is particularly the case as learning environments and university campuses 
become increasingly digital and technologically rich, and learning is delivered in blended forms or at 
a distance, leaving greater opportunities for data traces to be available for collection, collation and 
manipulation. Power, culture, inequality, social context, and ethics are all key elements that need 
addressing when institutions develop and implement learning analytics, otherwise considerable 
negative impact may result. Situating their critical discussion in the context of student success and 
failure in higher education, Archer and Prinsloo ‘speak the unspoken’ about learning analytics in 
order to open up to critical debate and investigation into what they view as five default positions on 
learning analytics. These are 1) the deficit thinking informing algorithms and nudges; 2) conflating 
‘what’ is happening and why, 3) failure as the inverse of success, 4) the unequal cost of false positive 
and negatives; and 5) the paradox of objective science. They argue that if these default positions are 
not identified and interrogated, they may very well negatively impact on student learning, the 
student experience and the reputation of learning analytics within the sector. 
Conclusion 
It is clear that higher education has made advances in the deployment of learning analytics due to 
the technological advances in the field and their potential to respond to demand from stakeholders 
to evidence that equity, diversity and inclusivity issues are being addressed successfully. However, 
while institutional leaders have been keen to enter the race to engage learning analytics they have 
evidenced limited understanding of the ontological lens from which it should be viewed and/or the 
theory of change to be deployed. Importantly, they have failed to engage with perhaps the most 
important of the stakeholders in its use—students. This special edition suggests that whilst there is 
evidence of impact, it is limited and confined to specific research studies, and more generally, robust 
evidence regarding the efficacy of learning analytics is limited. The special edition also highlights 
that, deployed without caution, learning analytics can lead to the replication of disadvantage within 
the sector. 
This special edition offers a salutary caution that, as we head towards a future higher education 
sector that is governed, measured and rewarded by the data it produces, we need to categorically 
assure ourselves that the data we gather, and the subsequent interpretation of that data, is based 
on sound principles. The authors of the articles in this special edition do, however, suggest that 
learning analytics can have a positive impact on the outcomes of all students irrespective of 
demographic background or personal circumstances. What they offer is a set of guidelines, which, if 
taken into consideration, can lead to learning analytics adding value to the learning experience for 
the student, tutor, institution and policy maker/regulator. A recent development has been in the 
potential use of learning analytics to support and promote mental health and wellbeing for students. 
The guidelines offered here are, one might argue, even more significant for this very personalised 
student experience. 
As we enter into a more challenging period for higher education, technology, alongside competition 
and globalisation will continue to shape the future success of the sector. It is our view that learning 
analytics will continue to be deployed across higher education, aided by the impetus of technological 
companies promoting their worth on the back of narratives about efficiency, effectiveness and value 
for money, and will come to shape to an extent the nature of the sector and student experience for 
years to come. In this context, it is our view that a critical realist research agenda is required, one 
that can begin to provide reflective, critical and insightful assessments of learning analytics, utilising 
mixed methodologies and empowering students and their voice as co-creators of future learning 
analytics practices and evaluations. 
In this context, we would hope that any future research agenda encapsulates the following 
questions: 
• How can learning analytics be applied for success? How can we devise research that not only 
tells us ‘what’ but ‘why’, and develops theories of change rather than just quantitative correlations. 
• How can learning analytics be inclusive? How can students be more involved and have truly 
informed consent about the way their data is used; as well as offer voice as to the design, 
deployment, implementation and evaluation of learning analytics? 
• How can learning analytics support educational success? How can equity of attainment 
become a significant area of intervention and evaluation, as well as moving beyond traditional areas 
of focus to new areas such as employability and mental health and wellbeing? 
• How can biases be avoided: for instance, by avoiding using data that perpetuates biases of 
the past? 
• In whose interest does learning analytics operate, how and why? 
In an era where higher education institutions have access to more data than ever before, we 
respectfully suggest that institutions pause to consider the value that learning analytics brings to: 
the learning process, institutional processes, teaching pedagogies and student learning. 
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